ABSTRACT According to the UN Refugee Agency in 2016 there were over 20 million displaced people in Africa. There is considerable debate whether climate change will exacerbate this situation in the future by increasing conflict and thus displacement of people. To explore this climate-conflict-refugee nexus this study analyses whether climatic changes between 1963 and 2014 impacted the risk of conflict and displacement of people in East Africa. A new composite conflict database recording major episodes of political violence (MEPV) was compared with climatic, economic and political indicators using optimisation regression modelling. This study found that climate variations as recorded by the Palmer Drought Severity Index (PDSI) and the global temperature record did not significantly impact the level of regional conflict or the number of total displaced people (TDP). The major driving forces on the level of conflict were population growth, economic growth and the relative stability of the political regimes. Numbers of TDP seemed to be linked to population and economic growth. Within TDP, 'refugees' were recorded as people that were forced to cross borders between countries. In contrast to TDP and conflict, variations in refugee numbers were found to be significantly related to climatic variations as well as political stability, population and economic growth. This study suggests that climate variations played little or no part in the causation of conflict and displacement of people in East Africa over the last 50 years. Instead, we suggest rapid population growth, low or falling economic growth and political instability during the post-colonial transition were the more important controls. Nonetheless, during this period this study does shows that severe droughts were a contributing driver of refugees crossing international borders. This study demonstrates that within socially and geo-politically fragile systems, climate change may potentially exacerbate the situation particularly with regards to enforced migration.
Introduction
T he total number of displaced people fleeing conflict worldwide in 2016 reached an all-time high of 65.6 million, this is four times higher than recorded a decade earlier (UNHCR, 2017) . The majority of these displaced people were fleeing the on-going conflicts in Syria, Afghanistan and Somalia. Recent work has linked the onset of the Syrian civil war to climate change via the intense three-year drought proceeding the war (Gleick, 2014) . This link between climate change and conflict has been explored further (e.g., Hsiang and Burke, 2014; Hendrix and Salehyan, 2012; Raleigh and Kniveton, 2012) , with one study suggesting the strongest link occurs in ethnically fractionalized countries (Schleussner et al., 2016) . With long-term mean temperature changes, it has been suggested that conflict will increase by 54% across sub-Saharan Africa by 2030 (Burke et al., 2009) . Specific episodes of conflict have even been labelled as 'climatedriven conflicts', with the former UN Secretary General Ban Kimoon in 2007 describing the on-going war in Darfur as one of the 'first climate wars ' (Ki-moon, 2007) . Further to this, there has been a marked rise in key terms used by the media including the use of 'climate refugees' and 'environmental migrants' to describe people fleeing their homes from climate-driven conflict (Climate Refugee, 2010) . The aforementioned assumptions suggest a mono-causal narrative wherein conflict is driven solely by climatic changes. This political stance pre-empts academic research that concludes that there is no consensus whether or not climate change is a significant driver of conflict or migration (e.g., Gleditsch, 2012; Bernauer et al., 2012; Hsiang and Burke, 2014; Buhaug et al., 2014; Adger et al., 2014; Fisk, 2015; Burrows and Kinney, 2016) .
Other studies suggest alternative environmental drivers of conflict, which include resource scarcity (e.g., Barnett and Adger, 2007) , freshwater resources (Hendrix and Glaser, 2007) , soil degradation (Dixon, 2009) , flooding (Hauge and Ellingsen, 2001) and weather-driven agricultural and food shocks (Wischnath and Buhaug, 2014) . Such studies have widely been criticised as they fail to consider other factors and multi-pathway relationships (e.g., Johnson, 2003) . Other studies stress that economic and social factors such as population size (Raleigh and Hegre, 2009) , population growth (Homer-Dixon, 1999) , economic development (cf. Blattman and Miguel, 2010; Hegre and Sambanis, 2006; Miguel et al., 2004; Slettebak, 2012) and political regime operating in a country (cf. Payne, 1995; Sen, 1999; Collier and Hoeffler, 2004; Gleditsch et al., 2009 ) play a fundamental part in causing conflict. Furthermore, it has been suggested that such factors may contribute to creating a fragile system, which can be exacerbated by climate change to cause conflict (De Châtel, 2014; Buhaug, 2015) .
East Africa. According to the IPCC (Boko et al., 2007; Fields et al., 2014) , Africa is one of the most vulnerable continents to the impacts of climate change. East Africa is predicted to experience increased unpredictability and intensity of rainfall and an overall increase in annual average rainfall of between 5 and 50 mm per decade (Boko et al., 2007) . Throughout East Africa, recent economic development has been concentrated in the agricultural sector which in some countries accounts for more than 50% of gross domestic product (GDP) (Boko et al., 2007) ; a sector which is highly climate-sensitive. It is claimed that declining rainfall in Africa during the last century, may have reduced African GDP by 15-40% compared with the rest of the developing world (Barrios et al., 2010) . East Africa has a long history of conflict and geopolitical struggles which persist in some countries to this day, for examples the civil wars in Sudan and Somalia. The IPCC suggests that East Africa's situation is aggravated by the interaction of 'multiple stresses' which generate low adaptive capacity and high vulnerability to climate change (Fields et al., 2014) . Conflict exacerbates this, as the poor and marginalised are neither provided basic services nor protected from conflict.
The literature exploring the climate-conflict link across East Africa is sparse relative to other regions and has come to contradictory conclusions. Of the studies that have been undertaken, some argue that drought and water insecurity are linked to increased social competition in East Africa (Meier et al., 2007; von Uexkull et al., 2016) , while others have suggested that conflict increases during wetter than average periods (Adano et al., 2012) , drier conditions (Detges, 2016; Fjelde and von Uexkull, 2012; von Uexkull, 2014) , colder conditions (Iyigun et al., 2017) , warmer conditions (O'Loughlin et al., 2012 (O'Loughlin et al., , 2014 or extreme deviations in either direction (Lecoutere et al., 2010; Raleigh and Kniveton, 2012; Ide et al., 2014) . It has also been suggested that socioeconomic and political factors have a greater effect on conflict than climatic factors . To try and assess whether climatic changes have an influence on the stability of East African societies, we have focused on 10 countries within the region ( Fig. 1 ) and have collated and analysed social, economic and climate data covering the last 51 years. Methods Conflict data collation. Reviewing the most common conflict databases currently used within the climate-conflict research raises concerns (Eck, 2012) and this has led us to explore and use a newly developed conflict database. The UCDP/PRIO armed conflict dataset is extensively used (e.g., Sundberg et al., 2012) as its dataset has a long temporal resolution spanning 1946-2014, however, the dataset is restricted by a limited number of conflict variables and useful units limiting the use of extensive statistical analysis for more quantitative research. The Social Conflict Analysis Database accounts for the previously stated inadequacy as it includes numerous variables of conflict, including episodes of protests, riots, and other incidences of social unrests on the basis of 'number of deaths per episode'. However, this unit of measurement exhibits significant discrepancy and uncertainty. Greater attention has recently been placed on producing databases containing georeferenced episodes of conflict such as the UCDP Georeferenced Event Database (Sundberg and Melander, 2013) , however, despite the increase in spatial resolution, the database only covers the period 1989-2015 and therefore fails to capture any potential long-term climatic impact which requires at least 30 years' worth of data in order to be statistically significant. Similarly, whilst the Armed Conflict Location and Event Dataset (ACLED; Raleigh et al., 2010) enables research of local level factors, its dataset only covers a short timescale between 1997 and 2018 (but updated every month) and therefore this is a major limitation for studies concerned with decedal-scale changes. A dataset which does address this limitation and covers timescales from 1816-2007 is the Correlates of War (COW version 4.0) dataset (Sarkees and Wayman, 2010) . This dataset contains an array of quantitative measurements of conflict and has been widely used within climate-conflict research. However, this dataset defines conflict with a relatively high threshold of a minimum of 1000 battle-related fatalities within a 12-month period for it to be recognised in the COW dataset. This relatively high threshold does not consider lower intensity conflict events, which probably play a significant role in smaller countries nor does it pick up multiple periods of civil disobedience and protest.
Unlike the COW dataset, a database which, to date, has not received much attention in the climate-conflict literature is the major episodes of political violence dataset (MEPV database) produced by the Centre for Systemic Peace (CSP) as part of the Integrated Network for Societal Conflict Research (Marshall, 2016a) . The datasets analysed during the current study are available in the CSP repository, http://www.systemicpeace.org/ inscrdata.html. Conflict, or MEPV, can be defined as 'the systematic and sustained use of lethal political violence that result in at least 500 directly-related fatalities over the course of the episode' (Marshall, 2016b) . Admittedly, unlike other datasets such as ACLED, the MEPV Dataset fails to capture small-scale, low-intensity violence, however, its advantages override this. Similar to the COW dataset, the MEPV Dataset is a recently updated global dataset which records conflict on a country-bycountry level for a long temporal resolution from 1946-2014; a key feature of the database is that this increases the possibility of detecting a climate signal. Numerous conflict variables are recorded including international violence, international war, international independence war, civil violence, civil war, ethnic violence, and ethnic war, all on an annual basis (Marshall, 2016c) . Episodes are designated a 'war magnitude' which measures the societal impact using an eleven-point scale (0-10); ranging from no conflict (magnitude 0) to 'Extermination and Annihilation' (magnitude 10) (full description in Marshall, 2016b) , a quantitative variable which is particularly useful for data analysis and statistical testing. A comprehensive assessment of various societal impacts including the impacts on human resources, societal networks, environmental quality, infrastructure damage and resource diversions is used to calculate the magnitude. Magnitudes are totalled to generate an overall figure on an annual basis. The main assumption of this database is that the episode location only considers those upon whose territory the political violence actually takes place therefore countries that engage in military intervention in another country are not directly affected by the violence. This study finds that the MEPV Database is a valid and reliable database since not only is all the data cross-checked with other data resources to uphold accuracy, but the 'war magnitude' index is a logistical scale which ensures that all magnitude scores across all episodes of conflict are consistent, comparable and globally uniform.
Displaced people data collation. The database used in this study to record displaced people is the Forcibly Displaced Populations Database, which is derived from the same research body as the conflict dataset; the Armed Conflict and Intervention Datasets (Marshall, 2016d 1973, 1975 and 1979 . The database is cross-checked with an extensive range of data sources including government authorities, related global databases, civil society organisations, media sources, and other sources.
Out of the twenty official East African countries according to the UN Division (Fig. 1) , the conflict database records conflict for Burundi from 1962 , Eritrea (1993 , Ethiopia (1946) , Kenya (1963) , Mozambique (1975) , Rwanda (1961) , Somalia (1960) , Sudan (1956 ), South Sudan (2009 ), Tanzania (1961 , Uganda (1962), and Zimbabwe (1966) . These countries represent substantial variation across climate systems, conflict experiences and political systems. For this study, since the timespan of data for Eritrea and South Sudan is relatively short, these countries are incorporated as Eritrea/Ethiopia and Sudan/South Sudan creating a total of ten countries (Fig. 1) . With consideration to the time range of available data for all countries, the effects of climatic factors on the total sum of both conflict and displaced people was considered from 1963-2014 and 1964-2008 , respectively for the entire region of East Africa (as a total sum of the ten countries per year) and per individual country (except Mozambique and Zimbabwe which was considered onwards from 1975 and 1966, respectively).
Climate variability data. There are many ways to measure and define climate variability (IPCC, 2013) , but within the context of East Africa, effective precipitation is perceived to be the most important measurement. Many studies that explore the effects of climatic variability on conflict have used standardised precipitation index (SPI; McKee et al., 1993) as their climate index of choice (e.g., Hendrix and Salehyan, 2012) . This has the drawbacks that it firstly, assumes a stationary climate, and secondly, it does not take into account other atmospheric conditions, such as temperature, which may have an equal effect on drought intensity. An alternative measure of drought or climate variability which does considers in its equations temperature and other various atmospheric conditions including wind and humidity, is the Standardised Precipitation-Evapotranspiration Index (SPEI; Vicente-Serrano et al., 2010) . Despite the significant improvement to the equations against the former SPI, this drought intensity index was created as in 2010 and various papers (e.g., Stagge et al., 2014) which set out to test this index against the older SPI conclude that SPEI requires further rigorous testing before it is widely accepted as an improvement SPT. In the meantime we have used an alternative standardised index, the meteorological drought index called the Palmer Drought Severity Index (PDSI) which is based on a soil moisture algorithm and the water balance equation first proposed by Palmer (1965) . Unlike the SPI, which requires only a single input, the PDSI index is calculated on a monthly basis using a range of inputs including precipitation, temperature and soil moisture to better represent the atmospheric conditions within the equations. The PDSI was a significant ground-breaking index when the method was first published in 1965 and even today, the method continues to uphold its reputation and continues to be widely used within the field of climate research (e.g., Heim, 2017; Cong et al., 2017; Wambua et al., 2017) . Unlike the SPEI which is a relatively new method on the platform of climate research, the PDSI is a reliable, well researched method. The PSDI generates a standardised index, which ranges from <−4 (extreme drought) to >+4 (extremely wet). PSDI is suitable for this study since primarily, it allows the role of climate change to be explored by providing a measurement of climatic variability away from the normal conditions. Secondly, it is a standardised index, which allows for comparison between locations and years therefore providing an opportunity to place current conditions in a historical perspective. Finally, it incorporates aspects of the climate of the past month and therefore does not assume a stationary climate since it provides a spatial and temporal representation of the climate thus better representing the conditions on the ground (Alley, 1984 Socio-economic and political variables. This study includes an analysis of six other variables that have been shown in other studies to influence conflict and migration. (1) Population size, as research suggests that larger populations can be associated with an increase in conflict (Fearon and Laitin, 2003) . (2) Population growth (annual rate of change in %) as it has been suggested that rapid population growth could be associated with higher levels of conflict (Urdal, 2008) . Population data are derived from the United Nations Population Division 1950-2015 (UNDP, 2017) for both sexes as a unit of thousand for each country between 1963 and 2014. (3) Economic development as studies suggest that there could be a negative relationship with conflict (Hegre and Sambanis, 2006) . (4) Rate of economic growth (annual rate of change in GDP in %) as it has been associated with conflict. Economic data used is GDP per capita in US Dollars from between 1970 and 2014 and is derived from the United Nation Statistic Division (UNSD, 2016). (5) Political regime is included as there is evidence that highly democratic countries are associated with a decrease in conflict (Muller and Weede, 1990; Hegre, 2001) . Data is taken from a database (Marshal et al., 2016a) on the political regime characteristics of each country constructed as part of the Polity IV Project from the Centre for Systemic Peace with the unit of analysis being the index Polity2 which is a scale of political regimes from +10 (strongly democratic) to −10 (strongly autocratic) updated in 2016 . (6) Life expectancy is included as an index for development and data is taken from The World Bank database (The World Bank Group, 2017, https://data.worldbank.org/).
Results
The overall level of conflict for all 10 East African countries recorded in the MEPV Database from 1963-2014, follows an inverted 'U' trend (Figs. 2 and 3) . Following the initial decade of relatively low conflict across the region, conflict gradual increases in 1981 to reach a maximum peak in 1991. This peak is followed by an overall gradual decrease until 2014. At its peak in 1991, conflict occurs in 8 out of 10 countries and decreases in all post-1991. Total sum of displaced people (TDP) is low and stable from [1964] [1965] [1966] [1967] [1968] [1969] [1970] [1971] [1972] [1973] [1974] [1975] [1976] [1977] [1978] [1979] , fluctuating between 160,000 and 940,000 (Figs. 2 and  3 ). This increases sharply in 1980 and 1984, coinciding well with an increase in total conflict before reaching maximum peak in 1992 at 15.5 million people. A decrease occurs after 1992, which coincides with a decrease in total conflict. In 1996, TDP increases and this coincides with an increase in interstate conflict. Interestingly, whereas conflict decreases after its peak in 1991, TDP continues to rise until 2008.
There is a long-term trend in the PDSI between 1963-2014 (Fig. 4) to drier conditions. Peak drought (minimum PDSI) coincides with maximum TDP in 1992. During the same period population increased continuously from 84.5 million to nearly 360 million (UNPD, 2017) (Fig. 4) . Population growth follows an inverse 'U' trend by increasing rapidly from 1963-1983, a decade before maximum conflict and TDP, then declining from 1983 to 2014. Economic development crudely measured by GDP per capita increases from 1970-2014 from a minimum of $185 in 1985 to $1054 by 2014 (UNSD, 2016) . Economic growth follows an overall 'U' shaped trend with negative growth for years 1981-1985, 1987, 1989-1994, 1998-2001 , with peak minimum negative growth rate of −7.49% in 1992 coinciding with peak in TDP and a year prior to the peak in conflict. Political stability follows a 'U' shaped trend, decreasing from −3 in 1963 to a The potential influences (independent variables) on conflict, TDP and refugees (dependent variables) were statistically explored both for the whole of East Africa and for each country individually. All independent variables were lagged by 1, 2, 3, 5 and 10 years to account for lag between change in independent variable and the effect on the dependent variable and statistically tested. Regression analysis was used to study the relationship between individual independent variables and conflict, TDP and refugees. Optimisation regression modelling was also used to explore which combination of independent variables best model the dependent variables. Optimisation modelling uses a stepwise regression to optimise the response variable by adding or removing independent variables based on their statistical significance (further explanation in Freedman, 2009) . A predicted r 2 value was generated to represent the % of the variation in the dependent variable explained by the regression model. This approach avoids the problem with regular r 2 values that can increase every time you add a predictor which may lead to misleading, false or overly complex models. Though the optimal solution might be mathematically sound, it may not necessarily be theoretically sound, therefore, the outputs from the modelling are compared with the direct observation of the data and our theoretical knowledge about cause and effect in human societies.
Regression analysis for the East African regional collated data found there was no significant relationship between total conflict and PDSI (p = 0.887, Table 1 ). The relationship between conflict and population growth was found to be statistically significantly positive for lag1-10 (p = 0.000-0.014, r 2 = 12-42.2%). Economic growth and conflict was found to be statistically significantly negative for the same year (p = 0.000, r 2 = 30) and lag1-2 (p = 0.000, r 2 = 22-33.3%). Political stability with all lags was found to have a statistically significant negative relationship (p = 0.000-0.016, r 2 = 11.1-46%) suggesting that poor government can have a decadal effect on a society. The statistical tests were also carried out for all the independent variables against societal conflict which produced the same results to those found for total conflict. Table 2 A statistically significantly negative relationship was found between PDSI and TDP in the same year (p = 0.040, r 2 = 9.5) and with lag1 (p = 0.017, r 2 = 12.6, Table 3 ). Population growth was found to be statistically significant for the same year, lag1 and lag10 (p = 0.000, r 2 = 34%) however, only the lag10 was found to be theoretically sound, and likewise for politics for the same year (p = 0.039, r 2 = 9.5). Economic growth was found to be negatively statistically significant for the same year and lags1-10 (p = 0.001-0.032, r 2 = 12.1-28.1%). Statistical analysis for total refugees generated similar results with statistically significant relationship found against PDSI in the same year (p = 0.022, r 2 = 11.6%) and lag1 (p = 0.10, r 2 = 14.6), population growth lag5 and lag10, economic growth for the same year and all lags, and politics lag2-10. Similarly, statistically significant relationships found for the data on IDP were PDSI lag1 (p = 0.030, 10.5%), population growth lag10, economic growth lag1-10 and political state in the same year. Upon further statistical tests for each country individually, the relationship between PDSI and TDP was found to be statistically significant for 6 out of 10 countries.
Discussion
The optimisation modelling (Table 3) suggests that about 80% of total conflict throughout this period can be explained by population growth lagged by 10 years, political stability lagged by 3 years and economic growth within the same year. Societal conflict produced similar results at nearly 85%. Climatic changes represented by PDSI and the global temperature curve were not statistically significant. These results are borne out by a visual Fig. 4 Comparison of global temperatures and the Palmer Drought Index, with combined data for the 10 studied East African countries for population size, population growth, GDP per capital, rate of change of GDP per capita, life expectancy and political stability inspection of the data, as the population growth, political stability and economic growth data all have a U-shape over the period of time in question as do the total and societal conflict data. Whereas the PDSI and global temperature data have a long-term trend with a decadal variation, neither of which is observed in the conflict data. What is of interest is the lag in the socio-political data that seems to have the most predictive ability for the conflict data. Population growth lagged by 10 years implies that it is not the initial expansion of the population that stresses society but the consequences of the population expansion which is felt a decade later as children survive to adulthood and people live longer. Political stability lagged by 3 years suggest that the effects of unstable and ineffective governmental regimes may take a few years until the regional economy and society reaches a critical point which gives rise to significant violent eruptions. This is also supported by the fact that poor economic growth lags political instability but there is no lag between economic growth and total conflict.
For TDP, optimisation modelling suggests that nearly 70% can be predicted by population growth and economic growth when both are lagged by 10 years. Despite PDSI being statistically significant in the regression analysis, in the optimisation modelling PDSI's contribution was not significant. Similar results were found for IDP. These results are borne out by a visual inspection of the data as the population growth, economic growth data and TDP data all have a U-shape over the period of time in question Whereas the PDSI and global temperature data have a long-term trend with a decadal variation, neither of which is observed in the TDP or the IDP data. What is interesting to note is that political stability is not significant in the optimisation modelling, despite the fact that the peak of TDP and the worst period for political stability coincide around 1991. Following this trough, there is a rapid rise in political stability which coincides with a large drop in TDP and this may suggest that there is a nonlinear relationship between political stability and TDP. We speculate that when political systems are extremely unstable, improvement in governmental regimes may have an indirect and disproportionate effect on forced movement of people within and between countries. As for refugees, over 90% can be explained by PDSI lagged by 1 year was significant, population growth lagged by 10 years, economic growth lagged by a year and political stability lagged by 2 years. A visual inspection of the data shows that the increase in refugees in the 1980s seem to coincide with a period of major droughts across East Africa while the subsequent Table 3 Summary of the best combinations generated from extensive optimisation modelling to best explain the five dependent variables decrease in the 1990s coincides with a shift to much wetter conditions shown by the PDSI. This suggests that significant climatic changes deviating away from the average to both drier or wetter conditions may directly and / or indirectly affect people significantly enough to drive them away from their homes and to cross international boundaries.
Conclusion
This study discusses and exposes the complexity of the climateconflict nexus. The evidence from East Africa is that no single factor can fully explain conflict and the displacement of people. Instead, long-term population growth, short-term negative economic growth and extreme political instability seem to be primarily linked to conflict. This is in agreement with Buhaug et al., (2015) who suggested socio-political factors were more important than climate change. The displacement of people, particularly across international boundaries as refugees, in this region is also shown to be in part driven and exacerbated by intense droughts which can be in part linked to the long-term drying trend that has been ascribed to climate change (Hartmann et al., 2013) . The question arises, however, whether drought would have exacerbated the displacement of people across international boundaries had there been slower expansion of the population, positive and rapid economic growth and more stable political regimes in the region. Hence, this study may not be a definitive test of the climate-conflict nexus as simultaneous peaks in both conflict and displaced people in the 1980s and 1990s across East Africa suggest a geopolitical and social narrative. Nonetheless, we note that while conflict has continued to decrease across the entire region following the end of the Cold War, the number of displaced people remains high. This study demonstrates that within socially and geo-politically fragile systems, climate change may potentially exacerbate the situation particularly with regards to enforced migration.
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